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La protección y conservación de los suelos es vital para el logro de las metas 
formuladas en la Agenda para el desarrollo Sostenible de Naciones Unidas 2030 
(Nations, 2015). Los objetivos más importantes incluyen el de procurar lograr un 
mundo con efecto neutro en la degradación del suelo y conseguir la seguridad 
alimentaria.  
La evaluación del estado actual del suelo y apreciación de los efectos de las 
actividades de gestión son  imposibles de realizar sin un regular monitoreo, 
especialmente en áreas con perturbaciones naturales y antropogénicas, tales como la 
regiones del Mediterráneo en Europa y Amazonía en América del Sur. 
En este contexto, el objetivo principal de la presente investigación consiste en 
establecer una metodología operativa en base de las opciones existentes más idóneas 
para la estimación del contenido de materia orgánica (CMO) y textura de suelos y 
aplicarla en diferentes áreas que experimentan cambios en la cobertura y el uso de suelo 
que incluyen (i) áreas afectados por los incendios forestales, (ii) áreas de agricultura 
bajo sistema de cultivo de roza-y-quema, y (iii) campos agrícolas abandonados. 
En la primera fase de investigación se compararon montajes experimentales de 
laboratorio de detección próxima utilizados en la espectroscopia de suelos que incluyen 
diferentes accesorios: la esfera integradora, lampa de iluminación halógena ASD y la 
sonda de contacto óptica. Aunque se obtuvieron resultados similares con los tres diseños 
experimentales utilizados, los modelos estadísticos basados  en los espectros medidos 
por la configuración experimental que incluía una lámpara halógena como fuente de 
iluminación, han demostrado la mejor capacidad de predicción con el coeficiente de 
determinación ~10%  más alto que modelos basados en los datos generados por las otras 
dos configuraciones. La utilidad de esta configuración y el procedimiento de mediciones 
espectrales establecido para obtención de los espectros estables de suelos fueron 
posteriormente comprobada en las mediciones espectrales de las muestras de suelos en 
áreas de cultivos bajo sistema de roza-y-quema en la región costera del Ecuador, donde 
los residuos de biomasa son quemados al final de cada ciclo de producción. 
La siguiente fase de investigación consistió en utilizar los espectros de suelos de las 
diferentes áreas de estudio (áreas de incendios forestales en España y Brasil, áreas de 




quemas agrícolas en Ecuador, y área con campos de cultivo abandonados en el noroeste 
de España) para calibración de modelos predictivos de materia orgánica y textura 
utilizando varios métodos estadísticos multivariantes: (i) regresión parcial por mínimos 
cuadrados usando todas las bandas de reflectancia disponibles como predictores (PLSR-
full), (ii) regresión parcial por mínimos cuadrados usando como predictores las bandas 
seleccionadas con la prueba de incertidumbre de Martens (PLSR-MUT) y (iii) regresión 
de las componentes correlacionadas y el algoritmo iterativo para la selección de los 
predictores (CCR-SD).  
El método CCR-SD por primera vez aplicado en la espectroscopia de suelos en esta 
investigación mostró los mejores resultados generando los modelos de mejor ajuste 
utilizando  limitado número de predictores; en la estimación simultánea de CMO, 
arcilla, limo y arena  estos modelos obtuvieron coeficientes de determinación R
2
 en el 
rango de 0.80–0.86 y 0.70–0.87 en las etapas de calibración y validación, 
respectivamente. 
Finalmente, los espectros de alta resolución generados durante las mediciones 
espectrales de suelos en el laboratorio fueron re-muestreados para explorar la 
posibilidad de estimación del CMO y textura de suelos a partir de las imágenes de los 
tres satélites de última generación (Landsat-8, Sentinel-2, and EnMAP). Los resultados 
son altamente prometedores para todos los satélites, mostrando los modelos para CMO 
















Soil protection and conservation is vital for achievement sustainability goals 
formulated in the United Nations 2030 Agenda for Sustainable Development (United 
Nations, 2015). Among the most important targets are those related to achievement of 
food security and a land degradation‐neutral world. 
It is impossible to evaluate the present status of soils and assess/measure the effect 
of the management activities without regular soil monitoring, particularly in areas of 
natural and anthropogenic disturbances, such as Mediterranean in Europe and Amazon 
in South America.  
In this context, the main objective of the present research is to establish the viable 
methodology for estimation of organic matter and texture of fire-affected soils from 
spectral data and test it on data from different areas of land use/land cover change: (i) 
soils from the areas affected by wildfire burns and slash-and-burn agriculture; and (ii) 
soils from areas of cropland abandonment. 
The study began with comparison of laboratory setups which included different 
spectroscopy accessories (the external integrating sphere, halogen lamp ASD and the 
optical contact probe) used to obtain VIS-NIR-SWIR spectra of soils from wildfire 
burns. Although similar results were obtained with all the setups, the best quality 
predictions of soil organic matter (SOM) resulted from spectra generated with the setup 
using halogen lamp as illumination source. Statistical models based on the spectra 
measured by the experimental configuration that included a halogen lamp as the light 
source have demonstrated the best prediction capability with the determination 
coefficient ~10% higher than models based on the data generated by the other two 
configurations.The viability of modeling methodology was then successfully confirmed 
in modeling of SOM of soils affected by anthropogenic fire in slash-and-burn crop 
cultivation system on the Ecuadorian coast.  
In the next stage of the research, different modeling algorithms were applied for 
estimation of SOM and soil texture using soil spectra from the different study areas 
(forest fire areas in Spain and Brazil, agricultural burn areas in Ecuador, and area with 
abandoned fields in northwestern Spain), which include the partial least square 
regression using all available reflectance bands as predictors PLSR-full, partial least 




square regression using the bands selected with the Martens uncertainty test as 
predictors PLSR-MUT and correlated component regression CCR. Spectral 
measurements were performed using previously determined laboratory setup. The 
correlated components regression (CCR) with step-down variable selection algorithm 
applied in soil spectroscopy outperformed other tested methods and allowed generation 
of well-fit models with a limited number of predictors. 
The CCR-SD method for the first time applied in soil spectroscopy in this 
investigation showed the best results generating the best fit models using limited 
number of predictors; in the simultaneous estimation of SOM, clay, silt and sand these 
models obtained R
2
 determination coefficients in the range of 0.80-0.86 and 0.70-0.87 
in the calibration and validation stages, respectively.   
Finally, high-resolution laboratory reflectance spectra of fire-affected soils from the 
forest burns in northeastern Spain and savanna enclave in central Brazil were up-scaled 
to explore the possibility of modelling SOM and soil texture from data generated by the 
three last generation satellites (Landsat-8, Sentinel-2, and EnMAP). The highly 
promising results were obtained for all the satellites; being the SOM models based on 
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1. Background, objectives and structure 
Soil is a loose surface layer of the earth surface consisting of mixture of weathered 
rocks and organic material necessary for plants growth (Nortcliff et al., 2006; Troeh & 
Thompson, 2005). Soil regulates the environment and ensures food security. Changes in 
land cover and land use, such as wildfires, deforestation, desertification and 
urbanization, negatively affect soil properties and can trigger erosion processes leading 
to environmental degradation. 
Wildfires have long been a natural disturbance factor relevant for evolution of some 
ecosystems. However, at present, due to human activities and climate change, the 
number and intensity of fires are experiencing continuous increase (Pausas et al., 2004). 
Fire effects on soils are multiple, the degree of changes in soil properties depending on 
fire severity and frequency (Lentile et al., 2006; Mataix-Solera, Cerda, Arcenegui, 
Jordan, & Zavala, 2011). The first and most obvious effect is the loss of soil organic 
matter and, as a consequence, decrease in soil fertility (Certini, 2005). Consumption of 
vegetation and above surface biomass alters energy and water cycles, and modifies 
surface runoff and infiltration. In clayey soils fire-related loss of organic matter is often 
related to the increase of soil hydrophobicity, i.e. water repellence, which is the cause of 
greatly accelerated soil erosion and loss (Úbeda & Outeiro, 2009). 
On the other hand, fire-related changes in soil properties may also result from 
controlled anthropogenic fires regularly applied for burning of residual biomass as part 
of traditional slash-and-burn (swiddening/shifting) agriculture still widely used in small-
scale farming of developing countries of Asia, Africa and South America (Hauser and 
Norgrove, 2013).  Positive effects of low intensity fires include soil fertilization with 
organic ash, elimination of weeds, reduced risk of plant parasites and diseases (Jordan, 
1989; Kato, Kato, Denich, & Vlek, 1999). During centuries, long time between rotation 
cycles in subsistence agriculture of indigenous peoples together with low population 
density ensured sustainability of the system (Sponsel, 2013). However, at present 
demographic pressure and market orientation of the economy lead to decrease of time 
periods between burns (Lawrence, Radel, Tully, Schmook, & Schneider, 2010), and as a 
consequence, lowering of soil fertility due to nutrients volatilization (Mackensen et al., 
1996), soil erosion and reduction of agricultural yields in areas of shifting agriculture 
(Sommer et al., 2004; Comte et al., 2012). 





While fire, provoked by natural or human-related factor has long been affecting 
ecosystems in the studied areas, the spread of cropland abandonment in the 
Mediterranean is a more recent driver of land cover changes related to the soil 
conditions in the region (Nadal-Romero, Cammeraat, Pérez-Cardiel, & Lasanta, 2016). 
Massive migration of population to urban areas and abandonment of the cultivated 
fields in the last decades are the processes taking place throughout extensive 
mountainous areas in Mediterranean. Ecosystem evolution of the abandoned areas 
follows different paths and various management strategies aimed to soil restoration and 
improvement are often applied (Lasanta, Nadal-Romero, & Arnáez, 2015). There is no 
doubt, that cropland abandonment can affect soil properties, although no clear pattern 
has been observed (Nadal-Romero et al., 2016). 
Maintaining of soil conditions is a key condition for sustainability (Lal & Stewart, 
2010; Pimentel, 2006). The United Nations 2030 Agenda for Sustainable Development 
(United Nations, 2015) in one of the Sustainable development goals (SDGs) calls for 
action to achieve a land degradation‐neutral world. 
Regular soil monitoring is necessary to get better understanding of soil/ecosystem 
evolution and assess the effectiveness of the mitigation strategies (Tóth, Hermann, da 
Silva, & Montanarella, 2018), especially in areas of natural and anthropogenic 
disturbances, such as Mediterranean (Merino, Moreno, Navarro, & Gallardo, 2016). 
Soil status can be evaluated through a set of soil attributes/indicators, which usually 
include soil organic matter (SOM) and texture.  
Traditionally estimation of soil properties has been based on data generated by soil 
surveys involving extensive fieldwork and a series of laboratory analysis often referred 
to as “wet chemistry”. These conventional methods demand great investment of time 
and effort, which motivated the search for alternatives.  
Extensive research during last decades has shown that SOM and texture are 
spectrally active properties and can be estimated with spectral sensing methods, such as 
visible (VIS)-near infrared (NIR)-shortwave infrared (SWIR) spectroscopy, combined 
with multivariate statistical modelling. The technique allowing quick and undestructive 




testing requires minimum sample preparation and could offer time and cost‐effective 
alternative (Demattê et al., 2016). 
Spectral measurements can be performed in laboratory and in-situ. Laboratory 
conditions ensure stable observation geometry, and environment, which should be 
accounted for when working in the field (Schaepman & Dangel, 2000; Viscarra-Rossel, 
Walvoort, McBratney, Janik, & Skjemstad, 2006). Yet, some issues as, for example, the 
impact of laboratory instrumentation and procedures, the feasibility of models up- and 
downscaling (Viscarra-Rossel et al., 2016), as well as conditions determining model 
transferability from one study area to the other (Ben-Dor, Ong, & Lau, 2015; Guerrero, 
Viscarra-Rossel, & Mouazen, 2010; Stevens et al., 2008), still need to be clarified. 
Because high variability in proportion of soil constituents has a great impact on their 
spectra (Ben-Dor & Demattê, 2016), soil properties cannot be estimated directly from 
the spectral curves. Thus, the variables of interest are quantified using methods of 
multivariate statistics. The most often used models are those resulting from linear 
regression, especially very popular partial least squares regression (PLSR) (Mouazen, 
Kuang, De-Baerdemaeker, & Ramon, 2010; Vasques, Demattê, Viscarra-Rossel, 
Ramírez-López, & Terra, 2014; Viscarra-Rossel, McGlynn, & McBratney, 2006). 
However, lately reports present examples when PLSR models are outperformed by data 
mining techniques and tools, which include neural networks (Mouazen, et al., 2010), 
support vector machines (Viscarra-Rossel & Behrens, 2010), and artificial intelligence 
algorithms (Gholizadeh, Borůvka, Saberioon, & Vašát, 2016). 
Continuous evaluation of new modelling approaches is being performed, as well as 
the scope of VIS–NIR–SWIR soil spectroscopy use in scenarios of particular interest 
(e.g., Gholizadeh, Saberioon, Carmon, Boruvka, & Ben-Dor, 2018; Ogen, Neumann, 
Chabrillat, Goldshleger, & Ben-Dor, 2018; Ostovari et al., 2018; Terra, Demattê, & 
Viscarra-Rossel, 2018; Viscarra-Rossel & Brus, 2018). 
In this context, the main objective of this study is to estimate organic matter and 
texture of fire-affected and cropland abandoned soils from spectral data at different 
scales, i.e. determine and test the viable/operational methodology for this purpose. The 
main objective was approached through the work on several specific objectives: 




1. Compare laboratory setups including different commercially available 
spectroscopy accessories used to obtain VIS-NIR-SWIR spectra soils from areas 
of landcover change (affected by fire and cropland abandonment) (article in 
Biosystems Engineering, 152); 
 
2. Apply VIS-NIR-SWIR laboratory spectroscopy to estimate SOM and texture of 
soils from in erosion-prone areas of wildfire burns, slash-and-burn agriculture 
and cropland abandonment in three different study areas (articles in Land 
Degradation & Development, 30(5), and Scientific Report of the III 
International Congress of Engineering, Environmental, Forestry and 
Ecotourism (pp. 16-28) ); 
 
3. Assess the performance of different algorithms applied in modelling of SOM 
and texture fractions of burned soils (article Land Degradation & Development, 
30(5)). 
 
4. Explore the potential of the three last generation satellites (Landsat-8, Sentinel-
2, and EnMAP) to estimate SOM content and texture of soils affected by fire 
and cropland abandonment (articles Journal of Applied Remote Sensing, 12(4), 
042803, and Remote Sensing for Agriculture, Ecosystems, and Hydrology 
XIX (Vol. 10421, p. 104210V) ). 
The structure of thesis contains ten chapters. Chapter 1 describes the scientific 
context of research and formulates its objectives. It is followed by the theoretic rationale 
for the VIS-NIR-SWIR soil spectroscopy and review of the up-to-date advances 
(Chapter 2); description of the study area (Chapter 3), data and tools used in the study 
(Chapter 4). General view of research methodology is presented in Chapter 4, while 
details of research performed when working on each of the objectives are presented in 
Chapters 5-8, each of the chapters being the original version of the published articles. 
The main findings and further research opportunities arising from this work are 
summarized in the final chapters in English (Chapter 9) and Spanish (Chapter 10). They 
are followed by sections containing References for Chapters 1-4 and Appendices, 
specifying contribution of the PhD student to the published papers and documents 
certifying that the five presented articles are authorized for the exclusive use in this 
thesis.  
CHAPTER 2. Soil organic matter and texture estimation from VIS-NIR-SWIR spectra 
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2. Soil organic matter and texture estimation from VIS-NIR-SWIR 
spectra 
2.1. Soils and soil monitoring 
Soil is the loose mixture of organic and inorganic components on the earth surface 
allowing vegetation development. It is a main support for food production. Soils are 
also relevant in climate change issues (Lal, 2004). Land use change processes, which 
include deforestation, biomass burning, and urbanization are important contributors to 
carbon (C) emission into the atmosphere. On the other hand, soils can act as carbon 
sinks retaining stable soil organic and inorganic carbon components. This capacity 
varies depending on soil type (Ingram & Fernandes, 2001). 
 
While our food security depends on soils, human activities together with natural 
processes promote soil and land degradation. Among these processes are natural and 
anthropogenic fires. Consumption of organic matter alters the structure of burned soils 
reducing their permeability; increased surface runoff accelerates soil erosion leading to 
its deterioration and loss (Cerdà & Robichaud, 2009; DeBano & Neary, 2005; Pérez-
Cabello, Echeverria, Ibarra, & De la Riva, 2009).  
 
Different management strategies have been developed and applied worldwide to 
maintain/improve soil quality, prevent soil degradation and mitigate the effects of soil 
disturbances. To evaluate their success, it is necessary to establish, register, and 
compare indicators of soil status (Montanarella & Panagos, 2018). There is a consensus 
among the experts (Bünemann et al., 2018) that a minimum set should consist of soil 
chemical, physical and biological attributes/indicators. 
 
The minimum set of properties for soil quality assessment usually includes SOM 
and texture (Bünemann et al., 2018). SOM, which is one of the main sources of soil 
carbon and plant nutrients, determines soil fertility and plays an important role in both 
water cycle (infiltration and runoff) (Tóth et al., 2018). On the other hand, land 
productivity is directly impacted by soil erosion (Troeh & Thompson, 2005), with 
texture being one of the basic indicators of soil erodibility (Goldman, Bursztynsky, & 
Jackson, 1986) and other hydraulic properties (Tóth et al., 2018). 
 





Assessment of soil properties is usually performed through application of methods 
specific for corresponding scientific discipline. Thus, physical soil properties are 
quantified using procedures common to physics; chemical properties uses methods 
applied in chemistry and biological properties are estimated with methods developed in 
biology (Demattê et al., 2016). Traditional methods are destructive and resource-
intensive; the test results are not readily available. Moreover, there is often
inconsistency between approaches applied in different soil surveys (Sánchez et al., 
2009) making difficult comparison and integration of the results (Louis et al., 2014). 
 
2.2. Visible and Near-Infrared soil spectroscopy 
Known limitations of conventional soil analysis motivated the search for 
alternatives, arising spectral sensing methods as one of the time and cost‐effective 
solutions (Demattê et al., 2016) It has been demonstrated that information on soil 
characteristics can be obtained from spectral regions which include the ultraviolet (UV: 
200–380 nm), visible (VIS: 350–700), near-infrared (NIR:700–1000 nm), shortwave 
infrared (SWIR: 1000–2500 nm),and mid-infrared (MIR: 2500–25000 nm) shown in 
Fig. 1. Even though soil spectra present a greater number of spectral features in the MIR 
range, VIS– NIR– SWIR spectroscopy is more often used due to the ease of application 
and lower cost of the equipment. 
 
Figure 1. Electromagnetic spectrum with wavelength ranges indicating spectral 
regions. Modified after original (https://www.infinitioptics.com/technology/multi-
sensor). 
 





When electromagnetic waves come into contact with a material, they are 
transmitted, reflected, and/or absorbed, as evident from the following expression based 
on the law of conservation of energy: 
                                                           𝜌 + 𝛼 + 𝜏 = 1                                                     (1), 
where ρ - reflectance, α  - absorptance, and τ – transmittance. 
 
Since soil is an opaque material, the energy is not transmitted, but either absorbed or 
reflected. The absorption-reflection proportion is wavelength dependent and varies from 
one type of material to another.  
 
The reflectance factor (ρ) (Eq. 2) spectrum is the result of collecting values at every 
spectral band (λ) from the ratio of the radiant flux (B) actually reflected by a target 
surface (e.g. soil) to that of a perfectly diffuse surface under the same geometry of 
illumination and observation (Fig.2) (Schaepman-Strub, Schaepman, Painter, Dangel, & 
Martonchik, 2006). "Perfectly diffuse" (Fig. 4) means a Lambertian surface with ρ(λ)=1 
(Spectralon® reference panel). 
                                                           𝜌(𝜆) =
𝐵(𝜆)
𝐶(𝜆)




Figure 2. Acquisition of reflectance factor spectrum: A= irradiance; B is target 
radiance; C is radiance of the reference panel; ρ-reflectance factor and PRD is Perfectly 
Reflecting Diffuser 
 





The amount of reflected energy can be registered by the sensors and obtained 
spectra used for information extraction allowing materials differentiation and 
characterization (Fig. 3).    
 
Figure 3. Typical spectra of materials usually found on Earth’s surface. (Source: 
https://www.usna.edu/Users/oceano/pguth/md_help/html/ref_spectra.htm) 
When radiomagnetic radiation strikes the matter, it triggers the processes of 
electronic or vibrational transition. Electronic processes involve transition of the 
electrons from one level to another in atoms/ions of soil constituents with the 
consequent charge transfer; whereas vibrational processes result from the excitation and 
vibration of anion groups and molecules (e.g. H2O, CO2) in the crystal structure of soil 
minerals (Hunt & Salisbury, 1971). The effects of electronic transitions are evident 
mainly in VIS-NIR-SWIR spectral regions (Fig. 5), while the vibrational processes 
mostly impact the MIR spectral range.  
 
Two types of reflectance are observed: specular reflectance and diffuse reflectance 
(Fig. 4). For specular reflectance, the angle of reflection is equal to the angle of 
incidence (Fig. 4a); at all other angles, only diffuse reflectance (Fig. 4b) is observed. 
Because VIS-NIR-SWIR soil spectroscopy measures only diffuse reflectance, it is often 
referred to as diffuse reflectance spectroscopy (DRS) (Torrent & Barrón, 2008). It is 
also sometimes called “Proximal sensing” (Viscarra-Rossel, Adamchuk, Sudduth, 
McKenzie, & Lobsey, 2011). 






Figure 4. Types of reflectance: A- specular and B – diffuse (modified after 
(Lillesand, Kiefer, & Chipman, 2014)) 
 
Proximal sensing is an integral part of remote sensing, which is defined as 
“acquisition of information about an object by detecting its reflected or emitted energy 
without being in direct physical contact with it” (Elachi & Van-Zyl, 2006; Jensen, 
2009).While the term Remote Sensing can be applied to energy detection by sensors 
located on any platform (ground, air-borne, satellite, etc.) and in any type of 
environment (field, laboratory, etc.), “Proximal Sensing” is used only for sensors 
registering the signal from a short distance (Viscarra-Rossel et al., 2011). Spectral 
measurements are performed with spectroradiometers which register energy coming 
from natural (sunlight) or built-in (spectral probe) sources of illumination.  Soil 
preparation for laboratory measurements consists of spreading sieved and air-dried 
samples into plastic or glass containers (petri dishes). Laboratory conditions provide the 
opportunity to control illumination conditions and observation geometry, which results 
in high-resolution spectra characterized by high signal-to-noise ratio. Various properties 
can be estimated simultaneously and results are immediately available. 
 
Field measurements use illumination from the sun or a probe with a built-in light 
source. In-situ acquisition of soil spectra is more complicated because additional 
factors, such as atmosphere and moisture content, should be taken into account. Under 
natural illumination contribution of specular and diffuse components of reflectance is 
comparable, and the proportion of each one depends on atmospheric conditions, 
topography and soil “surface state” properties (Escadafal, 1989), i.e. particle size, 





structure and surface roughness. When working in the field, it is possible to scan not 
only the surface layer, but also under surface horizons of the undisturbed soils.  
2.3. Spectral properties of soils 
It has been demonstrated that some chemical and physical properties of soils are 
related to soil spectral properties. The components of soil mixture that absorb incident 
radiation in discrete energy levels and whose reflectance spectra reveal chemical (Fig. 
5) and physical attributes (Fig. 6) are called chromophores (Ben-Dor et al., 1999; 
Dematte et al., 2002). Spectral behavior of soils was first described by (Condit, 1970) 
and (Baumgardner, Silva, Biehl, & Stoner, 1986) who identified several spectral shape 
patterns typical for soils (three and five, respectively). More detailed methodology of 
using spectral reflectance curves for differentiation of soils, based on curve shape, 
reflectance intensity and absorption features, was developed by (Demattê, 2002). 
Essential edaphic components, such as organic matter, clay minerals and iron oxides 
present characteristic absorption features caused by electronic transitions in the VIS and 
by overtones and combination modes of functional groups in the NIR and SWIR 
spectral regions (Hill, Udelhoven, Vohland, & Stevens, 2010; Stenberg, Viscarra-
Rossel, Mouazen, & Wetterlind, 2010).  
 
 







Figure 5. The spectral active groups and mechanisms of the chemical soil 
chromophores. The wavelength range and feature intensity are given for each possible 
group (Ben-Dor et al. 1999, modified) 
 
Because soils are mixtures of organic and inorganic particles with highly variable 
proportions of each substance and particle size, their spectra present overlaps of spectral 
features corresponding to specific soil constituents (Ben-Dor & Demattê, 2016), 
Spectral response is also strongly influenced by water content, with the strongest 
absorption bands near 1400 and 1900 nm, and with weaker bands in other parts of the 
spectra (Liu et al., 2003). The mineral part of soils, which represents in general 50% of 
its volume (Schulze, 2002), has strong distinct characteristics in the VIS-NIR-SWIR 
region in reflectance intensity, curve shape and absorption features (Fig. 6) (Hunt, 
1977). Particle size is also distinguishable in soil spectra (Curcio, Ciraolo, D’Asaro, & 
Minacapilli, 2013). 







Figure 6. Soil reflectance spectra with indication of typical spectral features and 
characteristics. 
2.3.1. Soil organic matter 
Soil organic matter and the composition of the organic components have a strong 
influence on the soil reflectance; previous works assessing SOM content found a wide 
spectral range influenced by this property what suggests that OM is an important 
chromophore across the entire spectral region (Baumgardner et al., 1986; Ben-Dor et al., 
1999). When organic matter content exceeds a concentration of 2 g 100g
-1
, it causes 
reflectance to decrease, particularly in the VIS, and can mask absorption bands of other 
materials. These masking properties become less effective as the organic matter content 
drops below 2 g 100g
-1
 (Baumgardner et al., 1986; Ben-Dor et al., 1999). Different 
organic constituents affect soil reflectance to a varying degree (Fig. 7). 
 
(Ben-Dor, Inbar, & Chen, 1997) investigated the change of the reflectance spectra of 
organic matter in the VIS-NIR to SWIR regions (400-2500 nm) during a biological 
decomposition process and revealed that OH- and C-Hx groups of hygroscopic water, 
starch, cellulose, and lignin correlate highest with composting time and may be used for 
estimation of organic matter contents. 






Figure 7. Reflectance spectra of soils with high and low organic matter content and 
the shape of the curves that change due to SOM. 
 
2.3.2. Soil texture 
Reflectance and scattering of light striking soil surface depends not only on soil 
chemical composition, it is also affected by the size and form of soil particles, e.g. soil 
texture, determining the angle of light incidence and index of refraction of the surface 
material, factors governed by Fresnel’s law. Fig. 8 illustrates how these factors impact 
the soil spectrum base height and modify the intensity of absorption features (Ben-Dor, 
Goldlshleger, Benyamini, Agassi, & Blumberg, 2003).  
 
Figure 8. Reflectance spectra of soils with different texture (Baumgardner et al. 
1986). 





Soil texture is closely related to the mineral composition of soils, mainly to the 
presence of clay minerals and the quartz content. Thus, it directly influences the soil 
spectra. The increased proportion of smaller particles often causes higher overall 
reflectance and decrease in the depth of the absorption features of soil spectra 
(Baumgardner et al., 1986; Van-der-Meer, 1995). This is especially true for spectral 
features in SWIR region in the spectra of transparent materials, such as silicates (Hunt 
& Salisbury, 1971). On the contrary, the spectra of opaque materials show reflectance 
decrease with the increment of smaller size particles. Some materials, such as iron 
oxides, show behavior typical for transparent materials in the wavelengths greater than 
550nm and reflectances typical for opaque materials in the wavelengths shorter than 
550nm (Hunt & Salisbury, 1971). 
In soil spectra collected under natural illumination, the effect of size particle can be 
masked by effect of soil aggregation, which explains why clayey soils with large size 
aggregates produce spectra characteristic for ‘‘rougher’’ surfaces (Matthias et al., 2000; 
Stoner & Baumgardner, 1981). 
Clay content is one of the soil properties most successfully quantified with 
spectroscopic methods mainly due to the presence of OH group spectrally active in the 
VIS–NIR–SWIR region (Ben-Dor et al., 1999). The clay mineral main spectral response 
(for smectite minerals in particular) is localized within three spectral regions: 1300-
1400 nm, 1800-1900 nm, and 2200-2500 nm (Chabrillat et al 2002). For calcium 
montmorillonite (a common clay mineral in the soil environment) spectral activity is 
found at 1414 nm and at 2205 nm. The OH absorption features of free water are located 
at 1455 nm, 1915 nm, and 1980 nm (Fig. 4). These positions can change slightly from 
one smectite sample to another, depending upon the chemical composition and surface 
activity. 
 
Sand content can also be predicted using spectroscopic techniques (Soriano-Disla et 
al., 2014). Sand spectra usually present an absorption peak around 1400 nm related to 
the -OH stretch vibration of water in crystal lattice of silicates (Bishop, Pieters, & 
Edwards, 1994; Hunt & Salisbury, 1971; Sørensen, Demler, & Lukin, 2005).  
 
 





2.4. Soil properties estimation from VIS-NIR-SWIR spectra 
Because soil spectra consist of a large number of highly correlated bands and 
represent overlaps of spectral features characteristic to the constituents, soil variables 
are not directly calculated from the spectra, and empirical quantitative approaches have 
been developed to obtain chemical–physical information. Multivariate statistical 
methods are used to develop calibrations based on reference attribute values of a set of 
samples representative of the soil variation in the study area. The quality of input data is 
sometimes improved with spectral pretreatment; commonly used procedures available 
in various software packages include Savitsky-Golay transform (Savitzky & Golay, 
1964), multiplicative scatter correction (Geladi, MacDougall, & Martens, 1985) and the 
use of first and second derivative spectra (Stenberg & Viscarra-Rossel, 2010). The 
spectra of representative spectra generated following established protocols and 
accompanied by reference information, conform spectral libraries, allowing reuse and 
data sharing.  
Modeling methods based on linear models have long proved their efficiency 
(Mouazen, et al., 2010; Vasques et al., 2014; Viscarra-Rossel et al., 2006). The most 
frequently used algorithms include multiple linear regression (MLR), principal 
component analysis (PCA) and partial least squares regression (PLSR) achieving quite 
good predictions of organic matter/organic carbon, iron oxides, clay minerals, 
carbonates and water at local (Kuang & Mouazen, 2013; Udelhoven, Emmerling, & 
Jarmer, 2003) and regional (Stevens, Nocita, Tóth, Montanarella, & van Wesemael, 
2013) levels. 
The frequent choice of PLSR is explained by its capacity to produce well‐fit models 
from data sets containing a small number of observations characterized by a great 
number of correlated predictors. Robustness of the models is mainly achieved through 
reduction of data dimensionality using a set of orthogonal vectors (components) (Wold, 
Sjöström, & Eriksson, 2001). Still, PLSR models sometimes demonstrate unrealistically 
high fit due to inclusion of noise variables relevant only for calibration dataset, which is 
known as overfitting (Babyak, 2004; Esbensen, 2000). One of the recently introduced 
alternatives is the correlated components regression (CCR) approaching overfitting 
problem in a different way. It prevents model over fit through application of the 





regularisation process, which involves identification of suppressors and elimination of 
less relevant predictors (Magidson, 2013).  
In spite of general success, results of the studies using linear-based methods are 
quite variable.  One of the possible reasons is that complex interactions between soil 
components affecting their spectra are often non-linear (Ben-Dor, Chabrillat, Demattê, 
Lyon, & Huete, 2019). Hence, there is a need for more research addressing the issue. 
Soil scientists analyzing soil spectra lately have been paying much attention to machine 
learning algorithms, and data mining techniques and tools, such as, for example, 
artificial neural networks (Mouazen et al., 2010), support vector machines (Viscarra-
Rossel & Behrens, 2010), memory‐based learning (Hong et al., 2019) and fuzzy rule-
based models (Tsakiridis, Theocharis, Ben-Dor, & Zalidis, 2019). In these studies new 
tested methods have outperformed most common algorithms.  
2.5. Integration of soil spectroscopy with other data sources and methods 
Multiple studies have demonstrated that inclusion of additional variables 
characterizing landscape and/or environment; improve the quality of spectroscopic 
predictions (Demattê et al., 2016; Viscarra-Rossel & Chen, 2011). On the other hand, 
data generated by proximal soil sensing can serve as support for more precise land cover 
mapping from images acquired by airborne and satellite sensors (Escribano, Schmid, 
Chabrillat, Rodríguez-Caballero, & García, 2017).  
 
In this context several approaches can be implemented: laboratory soil spectra can 
be used for simulation of satellite resolution spectra to assess the feasibility of soil 
properties estimation in the satellite images (Melendez-Pastor, Navarro-Pedreño, 
Gómez, & Koch, 2008; Palacios-Orueta, Pinzon, Ustin, & Roberts, 1999; Palacios-
Orueta & Ustin, 1998),  as well as the benefit of their use as one of the endmembers in 
spectral mixture analysis (Chabrillat, Goetz, Krosley, & Olsen, 2002); together with 
other landscape variables soil spectra (not only of a surface, but also subsurface layers) 
can be one of the inputs for geostatistical modeling of soil spatial patterns in digital soil 
mapping (Minasny & McBratney, 2016).  
 
Finally, modeling soil properties can involve fusion of proximal and remote sensing 
data (Grunwald, Vasques, & Rivero, 2015). The creation of meta-models, encompassing 





large databases of point soil observations, environmental data and data generated by 
sensors of different types has also been suggested (Koricheva, Gurevitch, & Mengersen, 
2013; Pigott, 2012). The greatest limitation to meta-analysis is the lack of homogeneity 
in the primary data and the in case of soil spectral libraries, incomparability of data due 
to the lack of standardization in protocols and instrumentation of spectral measurements 
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3. Study area and soil sampling 
The present research used datasets coming from the three different study areas shown in 
Fig. 9. One of them is located in Europe (Spain), and the other two are situated in 
Ecuador and Brazil in South America. 
 
Figure 9. Location of the study sites in Spain (1), Ecuador (2) and Brazil (3). 
3.1. Aragón, Spain 
Methodological part of research (the first two specific objectives) were developed 
using soil samples from the wildfire burns and areas of cropland abandonment in 
Autonomous region of Aragón in northeastern Spain (Fig. 10). The hilly area of 
approximately ~300km
2
 at elevations 450-1300 m above sea level is part of pre-Pirinean 
range. The climate is semiarid with average annual temperature of 12.5 ºC, and 
precipitation around 560 mm unequally distributed throughout the year (peaks in spring 
and autumn and minimum in summer) (Cuadrat & Vide, 2007). The forest vegetation 
covering most of the area is dominated by Pinus halepensis (Vicente-Serrano, Pérez-
Cabello, & Lasanta, 2011) and dense understory with species, such as Buxus 
sempervirens, Quercus coccifera, Juniperus oxycedrus, Rosmarinus officinalis and 
Genista scorpius. The same species can be seen in places where forests are interspersed 
with brushlands. This area is regularly affected by wildfires, which are mainly 
responsible for structure and development of Mediterranean forests. Even though these 
ecosystems have demonstrated high capacity of post-fire auto-regeneration, the increase 
in frequency and intensity of fires observed in last decades make it necessary to plan 




and implement efficient management strategies stimulating natural forest recovery after 
fires.  
Typical soils are coarse and medium-textured Cambisols over calcareous bedrock 
(Fig. 10), with important amounts of changeable minerals in silt and clay fraction. In 
some areas Cambisols are interspersed with Regosols and Leptosols (Badía-Villas & del 
Moral, 2016). Regosols are unconsolidated soils of recent formation whose properties 
mainly depend on those of underlying parental material. On the other hand, Leptosols 
are shallow soils of silt and loam texture present a physical (rock) or chemical (highly 
carbonated substrate) barrier layer immediately below the surface material. These soils 
thin and stony soils typical for areas of agricultural abandonment (FAO, 2015) are 
characterized by low water-holding capacity. In semiarid and mountainous 
Mediterranean environment the property increases surface runoff and exacerbates soil 
vulnerability to water erosion (Badía, Valero, Gracia, Martí, & Molina, 2007). 
 
Figure 10. Soils in the Aragón study area. The map uses the color scheme adopted by 
ISRIC World Soil Information for SoilGrids250m (FAO/WRB 2006). Sampled wildfire 
burns are shown in red, sampling sites in green dots and cropland abandonment area in 
light blue dot. 
Soil samples from wildfire burns (82) and areas of cropland abandonment (31) were 
collected in summer of 2013 and 2014 (Fig. 11). The selection of the burns is based on 
the information from the database of wildfire burns maintained by the Aragón 
Government (Service for Management of Wildfires and Coordination, Head Office for 
Forest Management) complemented with cartography created in the frame of the 
research project “Forest fires and predictive models of ecologic vulnerability to fire: 




restoration management activities and application of climate change scenarios” GA‐LC‐
042/2011 (Caixa‐DGA). Only the samples obtained from the surface soil layer were 
used in this research. Analysis of soil organic matter content and the percentage of 
oxidisable SOM were performed in the Aragón Government Agroenvironmental 
Laboratory (Food Safety Service of Department for Food and Agricultural 
Development). 
     
Figure 11. Photos of the 1995 wildfire burn area in Aragón, Spain taken during the 
2013 sampling campaign: general view (A) and sampling site (B, C and D). 
Other group of surface soil samples was collected from different land covers in the 
catchment of Araguás, abandoned for agricultural activities in the 1950s (Fig. 12). Parts 
of the area were later afforestated with Pinus nigra and Pinus sylvestris, while other 
areas experienced the process of natural succession with Genista scorpius and Buxus 
sempervirens. Typical land covers determined based on the analysis of aerial 
photography, topographic maps, and field survey information are bare soil, permanent 
pasturelands, secondary succession, afforestation with Pinus sylvestris and Pinus nigra. 
For these samples, the loss on ignition method was used to determine SOM; soil texture 
fractions were determined using a particle analyser (Micromeritics, SediGraph 5100, 
Nocross, USA). 
 
Figure 12. Photos of the cropland abandonment in the catchment of Araguás in 
Aragón, Spain taken during the 2014 sampling campaign: general view (A, B) and 
sampling site (C). Source: photos taken by Dr. Nadal-Romero and researchers in 2014. 
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3.2. Campos Amazônicos National Park, Brazil 
The research methodology developed in the main study area in Spain was applied in 
analysis of soils from the Campos Amazônicos National Park (CANP) in Brazil, area 
which regularly suffers from wildfire burns. Soil samples were collected in Campos 
Amazônicos Savanna Enclave (CASE) within CANP (Fig. 13).  
 
 
Figure 13. Location of the study area in Campos Amazônicos National Park in 
Brazil. 
The climate of this relatively flat area is characterized by 24°C-28°C mean 
temperature and more than 2000mm annual rainfall. There are two seasons, wet 
(November-March) and dry (May-September); April and October usually correspond to 
the transition between the two seasons (Marengo et al., 2008). The vegetation cover is 
quite variable, while forested areas are common in the proximity of the streams (riparian 
vegetation), grasslands, shrubby grasslands and shrubby savanna cover the rest of the 
area (Oliveira-Filho & Ratter, 2002). 
 
Although various soil types are present in the CANP, the Plinthosols characterized 
by the presence of plinthite in the B horizon) (Blake et al., 2008) predominate (Fig. 13). 
Plinthosols are rich in kaolinitic clay mixed with quartz and other components; this 
mixture is easily hardens or transforms to irregular aggregates when it is repeatedly 
wetted and dried. 




Soil samples were obtained in September 2016 in areas CASE recovering from 
wildfire burns (Fig. 14). They come from areas of shrubby grassland (15 samples) and 
riparian (15 samples) vegetation. The standard method of wet combustion was used for 
determination of SOM values. 
    
Figure 14. Collection of soil samples in CANP Savanna Enclave, Brazil: general view 
(A) and sampling site in area of riparian vegetation (B, C, D).  Source: photos taken by 
Dr. Borini and researchers of CANP in 2016. 
3.3. Mocache, Ecuador 
The work on the third specific objective of this research was developed on a farm 
located in the district of Mocache, province of Los Rios, in Ecuadorian lowlands (Fig. 
15). The hilly area at elevations ranging between 80m and 120m above sea level is 
characterized by tropical climate with mean annual temperature around 25ºC and 1800-
2000mm of annual precipitation. There are two clearly distinguishable seasons: dry 
(June – December) and wet (January –May).  
 
Figure 15. Location of the study area in Mocache district in Ecuador. 
The Bella Siria study site is the area of intensive production of maize (Zea mays) 
under the slash-and-burn system (Fig. 16), which requires a minimum investment of 
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funds and technology. The total of 18 surface-layer samples was collected during the 
field campaign of September 2015. One of the areas has been experiencing regular 
controlled burns during 6 years before sampling, while another is the area where the 
cocoa trees were recently eliminated to use it for growing maize. Both areas were 
sampled next day after the burning of residual biomass at the end of the crop growing 
cycle. 
 
Each sample was divided in two parts. One part was analyzed using conventional 
methods of SOM and texture estimation in the Laboratory of National Institute for 
Agricultural Research, Quevedo, Ecuador; and the other (approximately 160 g of air-
dried soil per sample) was used for spectral measurements in the University of 
Zaragoza, Zaragoza, Spain. 
 
Figure 16. Photos of fire-affected soils in areas of slash-and-burn agriculture in 
Mocache district, Ecuador taken during the 2016 sampling campaign : general view (A, 
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The research workflow discussed in this chapter is presented in Fig. 17. The 
following sub-sections give more details on each step.  
 
 









4.1. Spectral measurements 
VIS-NIR-SWIR spectra of soil samples were obtained in the laboratory conditions. 
Sample preparation consisted in separation of particles smaller than 2mm. The sieved 
soil was then placed in 90mm-diameter Petri dishes, smoothed to obtain a homogeneous 
layer of ~15 mm thick weighing approximately 160g, and dried in the oven (24h at 
105ºC).  
Reflectance spectra were obtained with high-resolution Analytical Spectral Device 
(ASD) FieldSpec®4 spectroradiometer, which incorporates three spectrometers 
(detectors) for three specific spectral ranges: VISNIR (350-1000 nm), SWIR1 (1001-
1800 nm) and SWIR2 (1801-2500 nm). The spectral sampling interval of the instrument 
is 1.4 nm and 2 nm, and spectral resolution (Full Width at Half Maximum - FWHM) of 
3 nm and 10 nm, for VIS-NIR and SWIR spectral regions, respectively (ASD, 2012a). 
During measurements device software performs correction for baseline electrical signal 
(dark current) and resampling of the spectra to a 1 nm interval over the whole sensed 
wave range (Fyfe, 2004). The spectroradiometer uses a fiber optic cable to register the 
source light reflected by the sample surface, and provides the choice of attachments to 
be used for different targets and environments different (Fig. 18). 
 
Figure 18. Different attachments to spectroradiometer FieldSpec®4 used in spectral 
measurements: (a) integrating sphere; (b) pistol grip; and (c) contact probe. 
Actually, the radiometer has been measuring reflectance factor, which is the ratio of 
the radiant flux reflected by the target surface to that reflected by the ideal standard 
surface (Schaepman-Strub et al., 2006). In fact, when both incoming and reflected 
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radiances can be approximated as cones, non-imaging spectroradiometers register 
Biconical Reflectance Factor (BCRF) (Schaepman-Strub et al., 2006), as in case of the 
present research.  
The calibrated Spectralon® polytetrafluoroethylene (PTFE) reference surface from 
the radiometer manufacturer was used as reference, since it satisfies all the requirements 
(perfect reflectance over the full wavelength range and environmental resistance).  
To determine on the more adequate instrument configuration, the spectra were 
obtained in dark laboratory with three laboratory setups including different ASD 
accessories (Fig. 19): (i) the RTS-3ZC external integrating sphere (IS); (ii) Illuminator 
lamp (L) and pistol grip; and (iii) contact probe (CP). The ASD RS3 software (ASD, 
2012a) was configured to average 10 spectra per each sample scan, 25 white reference, 
and 10 dark current to reduce noise and improve signal-to-noise ratio. 
 
Figure 19. Experimental configurations tested in this study: (a) Setup IS with 
integrating sphere, (b) Setup L with the ASD Illuminator Lamp and pistol grip; and (c) 
Setup CP with the ASD contact probe. 
 
4.1.1. Experimental setup IS (external integrating sphere) 
The experimental setup with external integrating sphere RTS-3ZC coupled with the 
ASDFieldSpec®4 spectroradiometer (IS) is shown in Fig. 18a. The word “external” 
refers to the position of the sample, i.e. external to the sphere. The spherical cavity of 
the attachment is coated with a white diffuse polymer (PTFE) allowing spatial 
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integration of radiation reflected by the sample, which ensures the accuracy of the 
measurements. The internal coating of the sphere is an almost perfect Lambertian 
reflector over the whole operating spectral range of the spectroradiometer. During the 
measurement, a sample placed in the holder acts as a part of the sphere wall allowing it 
to “concentrate” the signal reflected from the sample and distribute it over the internal 
surface of the sphere. The sensor registers the light reflected by the wall and makes an 
estimate of the sample reflectance. The sphere provides six ports 13 mm (ports A, D and 
H), 15 mm (ports C and B) and 19 mm (port E) in diameter, which serve as attachment 
points for supplied sample holders, a light source assembly, fiber adaptor, light trap, and 
port plugs. The following expression (Eq. 3) was applied to correct total reflection of 
the sample RT(λ) for the stray light (ASD, 2008):  
                       𝑅𝑇(𝜆) =
(𝑅𝑠𝑎𝑚𝑝𝑙𝑒(𝜆)−𝐷𝑅(𝜆))
(𝑅𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒(𝜆)−𝐷𝑅(𝜆))
𝑅𝑟𝑒𝑓_𝑐𝑎𝑙(𝜆)                               (3) 
where Rsample is the measured reflectance of the target; Rreference is the measured 
reflectance of the white reference; and DR is the dark current reading registered when 
the light trap is located in the place of the target. Although the background radiation DR 
is often negligible, in this research it was considered in reflectance calculations. The 
reflectance of calibrated reference standard Rref_cal was estimated from cross-calibration 
of the two reference surfaces (Miura & Huete, 2009): 
                                   𝑅𝑟𝑒𝑓_𝑐𝑎𝑙(𝜆) =
𝐿𝑟𝑒𝑓_𝑐𝑎𝑙(𝜆)
𝐿𝑅𝑃(𝜆)
𝑅𝑅𝑃(𝜆)                                          (4) 
where: Lref_cal is the radiance of the calibrated reference standard provided with the 
sphere (corrected for background current); LRP is the radiance of calibrated reference 
panel (corrected for background current); and RRP is the reflectance factor of calibrated 
reference panel provided with the ASD FieldSpec®4 spectroradiometer. 
Although it is recognized that protocols can influence measurement results, no 
standards exist at the moment. In case of this study, the Petri dish containing soil sample 
was covered with unglazed black paper (optically flat surface) to prevent soil from 
entering the integrating sphere and to avoid undesired particle orientations (Torrent & 
Barrón, 2002). A circle of a size similar to the sample port aperture (18 mm) was cut in 
the center of the cover, to avoid the contact of soil particles with the external wall of the 





sphere. In order to obtain spectral measurements the calibrated reference and soil 
samples were placed in the adjustable standard holders. A light trap was used to prevent 
from setup illumination with ambient light. In this setup, light comes from the 
collimated dual light source with high setting suitable for soils, instead of the low 
setting more suitable for vegetation targets. The integrating sphere was fixed on a tripod 
with a mounting rod attached to the port H on the underside of the sphere assembly 
(Fig. 19a). During the measurements the Petri dish with the soil sample is always 
maintained in a horizontal position, while the integrating sphere is rotated. Following 
the manufacturer recommendation, the sample spectrum is the average of 200 measured 
spectra (ASD, 2008).   
Since three scans are necessary to obtain total reflectance of each sample with the 
above described setup, considerable time is necessary to complete the measurements. 
On the other hand, long sessions resulted in light intensity degradation due to the battery 
charge exhaustion.  Hence, several 90 minute sessions were necessary to complete the 
measurements, each lasting about 1 h (16 processed samples per session). 
4.1.2. Experimental setup L (illuminator lamp and pistol grip) 
In another tested setup the optic fiber extreme is located inside the pistol grip (Fig. 
18b). This setup uses an ASD illuminator lamp as a light source turned on 15 minutes 
before measurements for better stability (ASD, 2012b). Observation geometry was 
calculated considering various parameters: distance between the sample and the sensor, 
distance between the sample and the lamp, and angle between the two. The resulting 
setup configuration, ensuring that the sensor registers the signal from the spot within the 
petri dish, can be observed in Fig. 20.  
 
The measurement protocol involved regular calibration of the fiber optic through 
cable direction at the reference panel using the same viewing geometry. The sample 
spectrum is an average of 50 radiometric measurements. 







Figure 20. Observation geometry in the setup, which uses an ASD illuminating 
lamp as a light source, referred to as setup L. 
 
4.1.3. Experimental setup CP (contact probe) 
The experimental setup CP shown in Figure 18c uses ASD contact probe with the 
in-built light source. There are five circles cut in the paper covering the surface of the 
soil sample in the petri dish. The size of the circles coincides with that of the contact 
probe window (approximately 20 mm) to isolate the measured area and improve the 
quality of the obtained data.  
The reflectorized halogen lamp inside the probe ensures a fixed 12º angle to the 
probe body during the measurements and avoids the influence of ambient light sources. 
The angle between optical fiber of spectroradiometer and contact probe is also fixed at 
35º. The sensor, which has the FOV of 1.33cm
2
, registers the signal coming from the 
spot ~1.1cm in diameter. The resulting spectrum is the average of 5 measurements at 
random points of soil sample, each being the average of 10 scans, totaling 50 processed 
spectra. This procedure reduces the risk of shadows and stray light affecting the 
measurements. Because of the laboratory environment and controlled illumination 
conditions calibration was performed every 15 min. 
 





4.1.4. Statistics used for spectra comparison 
Spectra generated with different setups were tested for differences using BIAS (Eq. 
5) and Root-Mean-Square Difference RMSD (Eq.6): 
                                            𝐵𝐼𝐴𝑆 =
1
𝑁
∑ 𝑥𝑖 − 𝑦𝑖
𝑁
𝑖=1                                           (5) 
                                      𝑅𝑀𝑆𝐷 =
1
𝑁
√∑ (𝑥𝑖 − 𝑦𝑖)2
𝑁
𝑖=1                                       (6) 
where: xi and yi are reflectance values of the compared spectra, and N is the number of 
measured samples.  
Analysis of variance (one-way ANOVA) was performed to determine whether the 
differences among spectra from different setups were significant. The test, which relies 
on F distribution, is applied when estimation of one dependent variable is based on one 
or more continuous predictors. The test should be applied when: (i) errors are 
independent and normally distributed; (ii) samples are independent and drawn from 
populations with equal variances. The null hypothesis assuming that samples are taken 
from the same population is accepted or rejected based on the F-statistic (the ratio of the 
variance calculated among the means to the variance within the samples). 
4.2. Simulation of satellite spectral bands 
Laboratory soil spectra were used to simulate spectra of the three satellites to 
evaluate feasibility of SOM and texture estimation and monitoring from multisprectral 
(Landsat-8 and Sentinel-2) and hyperspectral (EnMAP) remotely-sensed images (Fig. 
21).  
The first two are currently operational and are part of the long-term United States 
(Landsat-8) and European (Sentinel-2) Earth observation programs. Landsat-8 
Operational Land Imager (OLI) produces images consisting of nine optical bands (VIS-
bands 1 to 4 and 8 (panchromatic); NIR-band 5 and SWIR-bands 6, 7, and 9) at medium 
spatial resolution (30m pixel size). On the other hand, images taken with multispectral 
instrument (MSI) sensor on board of Sentinel-2 contain 13 VIS-SWIR bands at spatial 
resolution ranging between 10m and 60m. It also has better temporal resolution: a 5-day 
revisit period versus 16 days in case of Landsat. Resampling of ASD spectra to the 





corresponding satellite bands was based on spectral response functions available from 
NASA and ESA for Landsat-8 and Sentinel-2, respectively. 
 
Figure 21. Reflectance spectrum of one of the soil samples resampled to (a) EnMAP), 
(b) Sentinel-2, and (c) Landsat-8 optical bands. 
ASD spectra were also resampled to simulate hyperspectral images from EnMap 
satellite developed in the frame of the German space program. EnMap toolbox was the 
source of the spectral response functions for the 244 narrow bands located in the 420-
2450 nm spectral range. The sensor sampling interval is 6.5 nm in VIS-NIR and at 10 
nm in SWIR at a spatial resolution of 30 m.    
The resampling of ASD FieldSpec®4 bands to those of the satellite sensors was 
accomplished using the ENVI 4.7 (The Environment for Visualizing Images) software. 
4.3. Multivariate statistical modeling of SOM and soil texture fractions 
Measured spectra were used to develop empirical statistical calibrations for 
simultaneous predictions of SOM and texture fractions (sand, clay, silt) in collected soil 
samples. Modeling included both routinely applied and novel approaches. The 





following algorithms were compared: (a) a standard partial least squares regression 
PLSR (Demattê et al., 2016)  implemented in The UnscramblerX software (2016; 
CAMO Software AS, Norway, 2016), version 10.4 
(https://www.camo.com/unscrambler), which uses the full range of available 
reflectances (PLSR-full); (b) PLSR with predictors selected by Martens uncertainty test 
(Martens & Martens, 2000) available in The Unscrambler X software (2016) version 
10.4 (PLSR‐MUT), (c) PLSR with Step-Down predictors selection Algorithm (Jay 
Magidson, 2013) (SA-PLSR), and (d) a novel technique of CCR with a step‐down 
variable selection algorithm (CCR‐SD) (Magidson, 2010; Magidson, 2013).  
The Unscrambler X software (2016; CAMO Software AS, Norway, 2016), version 
10.4 (https://www.camo.com/unscrambler) was used as modeling environment for 
PLSR-full and PLSR-MUT procedures, while SA-PLSR and CCR‐SD were 
implemented in XLSTAT Pearson Edition (Addinsoft S.A., New York, NY, USA, 
2014), version 2014.5.03 (http://www.xlstat.com) software, which is the complement 
for the Microsoft Office Excel (2010). For each sample, all the soil properties of interest 
in our study (SOM, clay, silt, and sand) were predicted simultaneously. 
Although spectral data are usually pre-processed before modeling to increase signal-
to-noise ratio, due to the high stability of obtained spectra it was not considered 
necessary in this research.    
However, the correction of radiometric jumps, present at the wavelengths between 
detectors (at 1000 and 1800 nm) was performed before further use of the spectra. The 
following formulas suggested by (Danner, Locherer, Hank, & Richter, 2015) were 
applied to compensate for the differences using the first detector as the reference value: 
                          𝐶𝑜𝑟𝑟_𝑣𝑎𝑙1000 = 𝑅𝜆=1001 − (2 ∙ 𝑅𝜆=1000 − 𝑅𝜆=999)                             (7) 
                         𝐶𝑜𝑟𝑟_𝑣𝑎𝑙1800 = 𝑅𝜆=1801 − (2 ∙ 𝑅𝜆=1800 − 𝑅𝜆=1799)                            (8) 
where Rλ is the reflectance at λ wavelength and Corr_val1000 and Corr_val1800 are 
correction values at the spectral splitting points, which are added to the original values 
and, depending on their algebraic sign, either increase or decrease reflectances in 
corrected wave range. Besides, the noisy bands at the beginning and at the end of the 
spectra (<400 nm and >2470 nm) were eliminated. 





4.3.1. Partial Least Square Regression (PLSR) 
PLSR is routinely applied in soil VIS-NIR-SWIR spectroscopy (Demattê et al., 
2016). The method is based on underlying linear model. PLSR is often applied in 
situations when the number of predictors is much bigger than the number of 
observations (Wold et al., 2001), which is the case of soil VIS-NIR-SWIR 
spectroscopy. The method gained great popularity in spectroscopic modeling because of 
its capability of dealing with a great number of collinear predictors and modeling 
several response variables (soil properties) simultaneously (Viscarra-Rossel et al., 
2006).  
PLSR first establishes the relationship between the matrix of predictors’ scores (X), 
referred to as factors, and the matrix of the dependent variables’ scores (Y). In the next 
step the Y-scores are used to predict the values of responses (Tobias, 1995). The 
algorithm calculates a few factors, i.e. latent variables, which account for most of the 
variance in the response. It chooses X- and Y-scores that establish the strongest 
relationship between successive pairs of scores.  
Determination of the optimum number of factors/components and selection of the 
final model is performed through the leave‐one‐out cross‐validation: the model is 
developed leaving out one of the samples, which is later substituted into the model to 
evaluate the adjustment; the process is repeated for each sample, and the final model is 
that showing the best fit (Duckworth, 1998). 
4.3.2. Step-Down predictors selection Algorithm 
It is recognized that PLSR is prone to overfitting, i.e., including in models predictors 
relevant only to the calibration dataset (Babyak, 2004). One of the ways to control 
overfitting is to reduce the number of predictors, leaving out less important, which 
results in sparser models (Chun & Keleş, 2010). Thus, PLSR was combined with the 
step-down variable selection algorithm (PLSR-SD). The step-down variable selection 
algorithm reduces the number of variables without the loss of information through 
elimination of the less important variables, i.e., those with the lowest (absolute value) 
coefficient, during cross validation. For each model, this iterative process was 
configured to run 10 rounds of five-fold cross validation. 





The step-down variable selection algorithm reduces the number of variables without 
the loss of information through elimination of the less important variables, i.e., those 
with the lowest (absolute value) coefficient; during cross validation (Bennett, 2013). For 
each model, this iterative process was configured to run 10 rounds of fivefold cross 
validation. 
Because exclusion of the less important (noisy) predictors may improve model 
accuracy, in the second tested method, PLSR models used only most important 
variables selected by the Martens uncertainty test (PLSR‐MUT), which estimates 
uncertainty of regression coefficients obtained in leave‐one‐out cross validation 
(Martens & Martens, 2000). 
4.3.3. Correlated Components Regression 
Both CCR and PLSR are capable of dealing with a large number of highly 
correlated predictors (in this study, the correlation coefficients R
2
 are in the range of 
0.639–0.999). Multicollinearity of spectral data is approached by means of 
regularization (the enforcement of model sparsity), consisting in dimension reduction. 
In CCR‐SD, data dimension is reduced through (a) calculation of correlated components 
and (b) elimination of less relevant predictors from the model with step‐down variable 
selection algorithm, resulting in sparser models (Magidson, 2013). 
CCR utilizes K < P correlated components, with each SK component being an exact 
linear combination of 𝑔  predictors (𝑔 = 1, 2, … P). Predictions for Y in the first 
(primary) component (?̂?) directly affect the outcome and are obtained from the simple 
ordinary least squares (OLS) regression of Y on S1. Similarly, the second component S2 
is calculated by the simple OLS regression of Y on S1 and S2. The calculation of the 
remaining components follows the same process. Once the models for all the 
components are obtained, the final model (Eq. 9) is computed using the expression: 
 
                                                        ?̂? = 𝛼(𝐾) + ∑ 𝛽𝑔
𝑃
𝑔=1 𝑋𝑔                                           (9) 
where α and β are regression coefficients. 
Thus, the components are not orthogonal; the second and subsequent components 
are correlated to the first component and represent the influence of ‘suppressor’ 
variables (Magidson & Wassmann, 2010). The inclusion of suppressor variables 





removes the noise of some irrelevant variables included in the first component, 
improving the model quality. 
At the same time, the method controls overfitting through a reduction in the number 
of predictors, leaving out the less important predictors. Thus, CCR was combined with a 
step‐down variable selection algorithm, which excludes the least important predictors 
(Bennett, 2013; Magidson, 2010). This is achieved through M‐fold cross‐validation. 
Each round (10 rounds in this study) consists of a series of operations. First, the data are 
randomly divided into M groups (folds) of equal size (5 groups of 80/5 = 16 samples 
each in our study). Next, samples from four groups are used to build the model, while 
the samples from the fifth group are used for model validation. The process is run for 
each group (M times). In the next round, the process is repeated with newly randomized 
M groups. Thus, the quality of the final model is assessed on the out‐of‐sample fit, 
ensuring replication of the calibration results on real‐life data, which has been a long‐
time concern related to published models (Nuzzo, 2014). Model assessment based on 
new out‐of‐sample cases means that modeling with CCR does not pose requirements to 
satisfy sampling assumptions, which are the basis of traditional hypothesis testing (Curl, 
Thompson, & Aspinall, 2015). 
4.3.4. Assessment of model performance 
Different aspects of model performance were evaluated with a series of statistical 
indicators described below.  
Model fit was assessed through coefficient of determination of calibration (R
2
cal), 
coefficient of determination of cross-validation (R
2
CV), coefficient of determination of 
validation (R
2
V), while model accuracy was assessed by means of the  root mean square 
error of prediction (RMSEP) (Bellon-Maurel & McBratney, 2011). These statistics were 
calculated according to the following expressions: 
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where: c and p refer to the corresponding calibration and validation datasets; n is the 
number of samples, 𝑌𝑖  is the observed SOM value for ith sample, ?̂?𝑖,𝑐 is the predicted 
SOM value for the ith sample, and ?̅? is the mean value of 𝑌𝑖  for all samples.Model 
predictive capacity was assessed with either residual prediction deviation (RPD) or the 
ratio of performance to interquartile range (RPIQ), computed according Eq. 13 and 14. 
(Bellon-Maurel, Fernandez-Ahumada, Palagos, Roger, & McBratney, 2010; Minasny & 
McBratney, 2013) explained that the use of RPD is justified only with normally 
distributed datasets recommending application of RPIQ, instead.  Hence, at different 








                                (13) 
It is generally considered (Gomez, Viscarra-Rossel, & McBratney, 2008; Gras, 
Barthès, Mahaut, & Trupin, 2014) that model has good predictive capacity when its 
RPD is above 2.0, satisfactory when its RPD between 1.4 and 2.0, and poor when RPD 
below 1.4 (Gomez et al., 2008; Gras et al., 2014). 
 
                                                  𝑅𝑃𝐼𝑄 =
𝑄3−𝑄1
𝑅𝑀𝑆𝐸𝑃
                                   (14) 
RPIQ is based on inter‐quartile distances (IQ = Q3–Q1), where Q1 represents the 
lowest  25% of the samples and Q3 is the value below which 75% of the samples can be 
found. RPIQ is the ratio of IQ to the RMSEP. Its use is preferable to that of RPD when 
working with datasets characterized by skewed distributions and a large number of low 
values. Finally, Akaike information criterion (AIC) computed according Eq. (15) was 
used to assess the parsimony of the developed models (Akaike, 1973). 
                                         𝐴𝐼𝐶 = 𝑛 ln𝑅𝑀𝑆𝐸𝑃 + 2𝑓                                  (15) 
here n is the number of samples and f is the number of predictors. Smaller AIC values 
denote more efficient, i.e. sparser, models. 
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9.  Conclusions and future research 
This study deals with application of soil spectroscopy in VIS-NIR-SWIR (400-
2500nm) spectral regions for estimation of organic matter (SOM) content and texture 
(percent of sand, silt and clay) of soils which suffered from anthropogenic disturbances 
(controlled agricultural burning and cropland abandonment) and wildfires. It uses soil 
samples collected at different locations: areas affected by wildfires in Campos 
Amazônicos National Park in Brazil, areas of agricultural burns in Mocache district on 
Ecuadorian coast, and burns and abandoned croplands in Aragón (Spain), the latter 
being the data source. The main findings of this research are presented below. 
During last decades in a great number of publications present proximal soil sensing  
as a relatively low cost  technology for estimation of soil properties in controlled 
laboratory conditions using different commercially available accessories. However, at 
present there is no consensus on which experimental setup, the accessories and the 
protocol are the most suitable for each particular situation. In this context, the study 
compared laboratory setups with different spectroscopic accessories applied for soil 
spectral measurements: (1) integrating sphere in the setup IS; (2) ASD illuminating 
sphere and pistol grip in the setup L; and (3) contact probe in the setup CP. The results 
demonstrated that: 
- The highest reflectance values correspond to the setup CP and the lowest to the 
setup IS. 
- Spectral curves obtained with setup CP are characterized by greater stability 
and show lower coefficients of variation compared to other setups. 
- Soil spectra obtained with setup IS show considerable noise at wavelengths less 
than 400 nm and wavelengths greater than 2300 nm.   
- Application of soil spectra in development of predictive models with standard 
method of partial least squares regression (PLSR) yielded the best results 
produced with the L setup. The differences between estimations realized with 
the models based on data obtained with different laboratory setups were up to 
11% for calibration models and 8% for validation models.  
Because of good results obtained with setup L, it was considered to be the optimum 
configuration for spectral measurements of soils from the areas of study. 
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The determination of the most appropriate statistical method for modeling of soil 
organic matter content and texture was approached through comparison of the following 
methods: (i) partial least squares regression using the full range of available reflectances 
as predictors (PLSR-full); (ii) partial least squares regression using as predictors the 
bands selected by Martens uncertainty test (PLSR-MUT); as well as a n novel statistical 
method of (c) correlated components regression with step-down variable selection 
algorithm (CCR‐SD). In general terms, all statistical approaches were capable of 
generating good quality models (R
2
> 0.7), especially in case of organic matter (R
2
> 
0.8). Models created using CCR-SD demonstrated the best predictive capacity 
estimating organic matter content, clay, silt and sand at calibration and validation stages 
(R
2
 in the range of 0.80-0.86 and 0.70-0.87, respectively). Besides good fit, CCR-SD 
models stand out for their parsimony, i.e. they are capable of achieving parameters/soil 
properties with the same or better precision as other methods employing fewer 
predictors. 
Analysis of soil properties estimations allowed the identification of certain patterns 
in their spectral behavior. For soils analyzed in this study, the spectral regions 
particularly important for SOM predictions include 500–550, 750-830, 850-930, 1000–
1050, 1500–1550, 1800–1910, 2200–2230, 2260-2280 and 2310–2360 nm, with 
reflectance levels affected mainly by the presence of water and C-O, C=O, and N-H 
links in organic molecules. On the other hand, although absorption features related to 
clay minerals appeared masked by the spectral influence of the relatively high organic 
matter content in the analyzed soil samples, the highest coefficients in clay models 
correspond to the bands related to kaolinite (1395, 1414 and 2205 nm) and illite (1414, 
2205 and 2300-2340 nm). 
Finally, laboratory analysis of VIS-NIR-SWIR spectra confirmed high potential of 
three last generation satellites (Landsat-8, Sentinel-2 and EndMAP) in estimation of 
organic matter content and texture of analyzed soils. It was observed that apart from 
location of the satellite reflectance bands within the electromagnetic spectrum, the 
predictive capacity of the model is related to the number of available predictors. Hence, 
greater number of bands in EnMAP images is one of the factors explaining higher 
predictive capacity of corresponding models. The results of this research demonstrate 
that SOM and sand models based on Landsat-8 data present the highest coefficients for 
the bands in visible and SWIR spectral regions; whereas predictions based on Sentinel-2 
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reflectances contain the highest coefficients for the Vegetation Red Edge bands (B5, B6, 
and B7). 
Considering the results of the present research further advances in development of 
statistical models estimating soil properties is deemed of great importance. The arising 
research lines could include incorporation of reflectance normalization with ISS 
(Internal soil standard) suggested by Pimstein et al. (2011) and Ben-Dor et al. (2015) in 
the soil spectral measurements procedure; mapping of soil properties from hyperspectral 
images; and wider integration of soil spectroscopy in work on other research topics in 
the frame of evaluation of consequences of forest fires other land cover/land use change 




















10. Conclusiones y trabajos futuros 
La presente tesis doctoral se ha centrado en la aplicación de técnicas de 
espectroscopia de suelos, regiones VIS-NIR-SWIR (400-2500nm), para la estimación 
del contenido de  materia orgánica (CMO) y textura (porcentajes de arenas, limos y 
arcillas) en suelos que han sufrido alteraciones de origen antropogénico (quemas 
agrícolas, abandono de la superficie cultivable) o incendios forestales. Se han utilizado 
muestras de suelos procedentes de diferentes localizaciones: áreas afectadas por 
incendios forestales en el Parque Nacional de Campos Amazónicos en Brasil, áreas de 
quemas agrícolas en el cantón Mocache en la costa del Ecuador, áreas correspondientes 
a zonas quemadas y de abandono de cultivos en Aragón (España), siendo esta última la 
zona principal en cuanto a suministro de muestras. Los principales hallazgos de este 
trabajo de investigación se exponen en los siguientes párrafos. 
En las últimas décadas, se han publicado numerosos trabajos en los que la 
espectroscopia de suelos se presenta como una técnica de relativo bajo coste, para 
realizar estimaciones de propiedades edáficas en condiciones controladas de laboratorio, 
mediante el uso de diferentes accesorios disponibles en el mercado. Sin embargo, no 
hay consenso sobre la configuración experimental, los accesorios más adecuados y el 
protocolo de mediciones óptimo para cada situación particular. En este contexto, se 
compararon diferentes configuraciones y accesorios de espectroscopia: (1) esfera 
integradora en la configuración –IS-;  (2) lámpara halógena de ASD y empuñadura de 
tipo pistola para la fibra óptica en la configuración experimental –L-; y (3) sonda de 
contacto en la configuración experimental –CP-. Los resultados demostraron que: 
 Los valores más altos corresponden a la configuración con CP  y los más bajos a 
la configuración IS.  
 Las curvas espectrales obtenidas con la configuración CP se caracterizan por una 
mayor estabilidad, mostrando los coeficientes de variación más bajos  
 Los espectros obtenidos con la configuración IS muestran un considerable ruido 
en longitudes de onda inferiores a 400nm y longitudes de onda superiores a 
2300nm.  
 La aplicación de los espectros con una finalidad predictiva mediante el método 
estándar de regresión parcial por mínimos cuadrados (PLSR) arrojó los mejores 
resultados con la configuración L. Las diferencias entre estimaciones realizados 




por modelos que usaron los datos de diferentes configuraciones fueron ~11% 
para los modelos de calibración y del ~8% para los modelos de validación.  
Dados los buenos resultados de la Lámpara halógena (L), esta fue la configuración 
considerada como óptima para la adquisición de los espectros VIS-NIR-SWIR de los 
suelos en las áreas de estudio. 
En relación con la identificación del método estadístico más adecuado para la 
modelación del contenido de la materia orgánica y textura se compararon los siguientes 
métodos: (i) regresión parcial por mínimos cuadrados usando todas las bandas de 
reflectancia disponibles como predictores (PLSR-full), (ii) regresión parcial por 
mínimos cuadrados usando como predictores las bandas seleccionadas con la prueba de 
incertidumbre de Martens (PLSR-MUT), así como un método de modelamiento 
estadístico novedoso de (iii) regresión de las componentes correlacionadas y el 
algoritmo iterativo para la selección de los predictores (CCR-SD). En términos 
generales, todos los enfoques estadísticos fueron capaces de generar modelos de buena 
calidad (R
2
> 0.7), especialmente en el caso de la materia orgánica  (R
2
> 0.8). Los 
modelos creados con CCR-SD demostraron la mejor capacidad predictiva al estimar 
CMO, arcilla, limo y arena en las etapas de calibración y validación (R
2
 en el rango de 
0.80–0.86 y 0.70–0.87, respectivamente). Además de buen ajuste, los modelos CCR-SD 
se destacan por su parsimonia, es decir, crean modelos capaces de estimar los 
parámetros/propiedades de suelo con igual o mejor precisión que otros métodos 
empleando un número menor de predictores.  
El análisis de las estimaciones de las propiedades edáficas permitió identificar 
algunos patrones en su comportamiento espectral. Para los suelos analizados en este 
trabajo, las regiones espectrales particularmente importantes para predicciones de CMO 
incluyen 500–550, 750-830, 850-930, 1000–1050, 1500–1550, 1800–1910, 2200–2230, 
2260-2280 y 2310–2360 nm con niveles de reflectividad afectados principalmente por 
la presencia de agua y los enlaces C-O, C=O, y N-H en las moléculas orgánicas. Por 
otro lado, aunque los rasgos de absorción característicos para los minerales de arcilla 
resultan enmascarados por la influencia espectral del relativamente alto contenido de 
materia orgánica en las muestras analizadas, los coeficientes más altos en los modelos 
de arcilla corresponden a las bandas relacionadas con caolinita (1395, 1414, and 2205 
nm) e illita (1414, 2205, 2300–2340 nm).    




Finalmente, el análisis en laboratorio de los espectros (VIS-NIR-SWIR) confirma el 
alto potencial de tres satélites de última generación (Landsat-8, Sentinel-2 y EnMAP) en 
la estimación del contenido de materia orgánica y la textura de los suelos analizados. Se 
comprobó que, además de la ubicación de las bandas de reflectividad dentro del 
espectro electromagnético, la capacidad predictiva de los modelos está relacionada con 
la cantidad de predictores disponibles. En este sentido, el elevado número de bandas en 
las imágenes de EnMAP, se relaciona con una mayor capacidad predictiva en los 
modelos correspondientes. Los resultados de la investigación demuestran, que los 
modelos de CMO y de arena basados en los datos de Landsat-8 presentan los 
coeficientes más altos para las bandas en las regiones espectrales del visible y SWIR, 
mientras que las predicciones basadas en Sentinel-2 contienen los coeficientes más altos 
para las bandas de Vegetation Red Edge (B5, B6, y B7). 
A partir de los resultados de esta tesis se considera necesario seguir avanzando en el 
desarrollo de modelos de calibración de las propiedades edáficas. Estos avances podrían 
ir en la línea de integrar estándares de reflectividad del suelo (ISS -InternalSoil 
Standard) como sugieren Pimstein et al. (2011) y Ben-Dor et al. (2015); explorar el 
desarrollo de productos cartográficos sobre propiedades edáficas a partir de imágenes 
hiperespectrales; y amplificar la integración de la espectroscopia de suelos en trabajos 
sobre nuevos objetivos temáticos en el marco de las consecuencias de los incendios 
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